After a large-scale disaster, many damaged buildings are demolished and treated as disaster waste. Though the weight of disaster waste was estimated two months after the 2016 earthquake in Kumamoto, Japan, the estimated weight was significantly different from the result when the disaster waste disposal was completed in March 2018. The amount of disaster waste generated is able to be estimated by an equation by multiplying the total number of severely damaged and partially damaged buildings by the coefficient of generated weight per building. We suppose that the amount of disaster waste would be affected by the conditions of demolished buildings, namely, the areas and typologies of building structures, but this has not yet been clarified. Therefore, in this study, we aimed to use geographic information system (GIS) map data to create a time series GIS map dataset with labels of demolished and remaining buildings in Mashiki town for the two-year period prior to the completion of the disaster waste disposal. We used OpenStreetMap (OSM) data as the base data and time series SPOT images observed in the two years following the Kumamoto earthquake to label all demolished and remaining buildings in the GIS map dataset. To effectively label the approximately 16,000 buildings in Mashiki town, we calculated an indicator that shows the possibility of the buildings to be classified as the remaining and demolished buildings from a change of brightness in SPOT images. We classified 5701 demolished buildings from 16,106 buildings, as of March 2018, by visual interpretation of the SPOT and Pleiades images with reference to this indicator. We verified that the number of demolished buildings was almost the same as the number reported by Mashiki municipality. Moreover, we assessed the accuracy of our proposed method: The F-measure was higher than 0.9 using the training dataset, which was verified by a field survey and visual interpretation, and included the labels of the 55 demolished and 55 remaining buildings. We also assessed the accuracy of the proposed method by applying it to all the labels in the OSM dataset, but the F-measure was 0.579. If we applied test data including balanced labels of the other 100 demolished and 100 remaining buildings, which were other than the training data, the F-measure was 0.790 calculated from the SPOT image of 25 March 2018. Our proposed method performed better for the balanced classification but not for imbalanced classification. We studied the examples of image characteristics of correct and incorrect estimation by thresholding the indicator.
Introduction

Background
After a large-scale disaster, damaged buildings are demolished not only to prevent the occurrence of secondary damage but also to rebuild the living environment. As many damaged buildings are demolished, a large amount of disaster waste is generated. If the disposal of disaster waste is slow, it can cause problems, such as a delay to recovery and reconstruction, outflow of hazardous materials, and outbreaks of epidemic and infectious diseases in the affected area. It is thus necessary to properly and smoothly dispose the disaster waste. For an appropriate implementation plan of disaster waste disposal, it is required to estimate the amount of disaster waste generated in an early phase after the disaster. Estimation equations for the amount of generated disaster waste have been determined by a regression analysis of past disasters based on the total amount of disaster waste disposed and the total number of damaged buildings at the prefecture and city levels [1] [2] [3] [4] . The conventional equation for estimating the amount of disaster waste generated is calculated by multiplying the number of severely and moderately damaged buildings, a coefficient value that represents the ratio of the number of demolished building to the number of severely and moderately damaged buildings, and the disaster waste disposal generation intensity per building.
In the 2016 Kumamoto disaster, two large earthquakes of M6.5 on 14 April and M7.3 on 16 April occurred near Mashiki town, causing major damage to many buildings ( Figure 1 ). Kumamoto Prefecture reported that approximately 210,000 buildings in Kumamoto prefecture and 15,300 buildings in Mashiki town were damaged [5, 6] . As Mashiki town was close to the epicenters, around 30% of the damaged buildings were severely damaged and many buildings needed to be demolished. Demolished buildings are generally treated as disaster waste disposal. At the completion of its disposal, Kumamoto Prefecture reported that the amount of disaster waste in Kumamoto prefecture was approximately 3 million tons [5] and that of Mashiki town was 337,629 tons [6] . In order to smoothly implement disaster waste disposal, it is necessary to estimate the amount of disaster waste disposal and draw up an implementation plan that includes schedules, securing of a temporary site, equipment, and team organization. The Kumamoto Prefectural government estimated that the amount of disaster waste disposal would be 1 to 1.3 million tons on 18 May 2016, prior to the completion of the survey of the damaged buildings. On 1 June 2016, the Kumamoto Prefectural government reported the number of majorly and moderately damaged buildings as 8641, and 34,352. The disaster waste was estimated again approximately 2 million tons, which was calculated by the conventional equation (1) as below;
(8641 × 1.0 + 34,352 × 0.2) × 117 = 1,814,834 tons, (1) where the value 1.0 and 0.23 is the ratio of the number of demolished buildings to the number of majorly and moderately damaged buildings, and the value, 117 (tons per building) is the disaster waste disposal generation intensity per building. Compared to the estimated value of June 2016, the final value of March 2018 was 1.6 times greater. The report of the Mashiki municipality [6] suggested that the actual number of the demolished buildings might be larger than the estimated number based on the damaged buildings because the disaster waste was possibly derived from buildings not registered in the Mashiki administration. We consider that the total volume of disaster waste disposal depends on the actual number of demolished buildings, the floor area of buildings, and the typologies of building structures, such as wood or concrete construction. In past research, however, demolished buildings were not individually identified, and the percentage of damaged buildings that were demolished, the total floor area, and the proportions of structure typologies were not clarified. Therefore, it is necessary to create a dataset to identify demolished and remaining buildings.
In addition, we aimed to identify the demolished and remaining buildings, not only at the completion of the disaster waste disposal, but also as a time series in order to obtain a more accurate estimation of the relationship between disposal generation and demolished buildings, using the monthly amount of disaster waste disposal recorded in the Mashiki municipality. Therefore, we tried to identify all the demolished and remaining buildings in Mashiki town, and to create a time-series of a geographic information system (GIS) map dataset using satellite images observed from the early phase following the 2016 Kumamoto earthquake until disaster waste disposal was completed. As the town has been reconstructed as the recovery proceeds, the time series GIS distribution map data of demolished buildings are possibly used to monitor the status for demolishing as well as for reconstruction.
Review and Objectives
In order to create a GIS map dataset with labeling of demolished and remaining buildings, we researched prior investigations related to building extraction using satellite images and GIS map data including building footprints. We found existing studies related to building extraction and creation of building footprints that used very high resolution (VHR) optical satellite images, which have higher than one-meter resolution, such as IKONOS, QuickBird, WorldView, and Pleiades. To classify areas where buildings were damaged by an earthquake, Yamazaki and Matsuoka (2007) studied pixel-based and object-based land cover classifications using VHR optical satellite images and compared the result of classification with visual interpretation [7] . They suggest the possibility of extracting the extent of severely damaged buildings via object-based classification. Automatic building detection from VHR satellite images has become an increasingly important issue. For the purpose of building detection, a training dataset for deep learning has been created from high definition aerial photographs and VHR satellite images, and many studies have been conducted with them [8] [9] [10] . Many building detection methods using convolutional neural networks (CNN) have been studied, which require a training dataset of many labeled buildings and VHR images. The Inria aerial image dataset consists of labeled buildings and 180 color image tiles of size 5000 × 5000, covering an area of 1500 m × 1500 m at 30 cm resolution. In the Inria contest, solutions used U-Net or SegNet approaches for segmentation and extraction for buildings [11] .
Recently, as the resolution of satellite images has improved to 30 cm, competitions that provide training datasets of VHR satellite image were held to compete for building detection accuracy. The SpaceNet [12] building dataset, which contains WorldView-2/3 multispectral band images covering some cities (e.g., Las Vegas, Paris, Shanghai, and Khartoum) and building footprints was provided. Several competitive methods using the dataset were explored in the DeepGlobe Satellite Challenge of the Institute of Electrical and Electronics Engineers (IEEE) Conference on Computer Vision and Pattern Recognition 2018 (CVPR 2018) [13] . Hamaguchi and Hikosaka (2018) developed a U-Net based semantic segmentation method that can analyze image fitting to buildings of different sizes through the competition and improved the model compared to the conventional U-Net model [14] .
As the public GIS map data have been recorded, an approach combining GIS map data and satellite images for building extraction monitoring is also conceivable. Huang et al. (2018) created a high-quality Vancouver building dataset from DEIMOS-2, with 1-m pan-sharpened images whose ground-truth was obtained from GIS map data [15] . They used the dataset for a building extraction method via deep deconvolution neural networks. Yuan et al. (2014) presented a method for automatically counting buildings using a dataset of aerial images and building footprints of GIS maps [16] . They observed that the number of buildings in an image is linearly correlated to the line segment number derived from building counts. Du et al. (2015) combined VHR images with GIS map data in a random forest method with fine categories in order to improve the classification of urban buildings [17] . Li et al. (2019) combined VHR satellite images in the SpaceNet dataset with GIS map data from multiple sources of map data [18] (e.g., OpenStreetMap (OSM) [19] , Google Maps [20], and MapWorld [21] ) and explored the enhancement of the total F1-score compared with the methods in the previous SpaceNet Building Detection Competition. We found that semantic segmentation using GIS map data and VHR satellite images or high definition aerial photographs was useful for building extraction. However, it has not been verified whether this method can be adopted to satellite images of resolution lower than 1 m.
Many researchers have studied the issue of monitoring urban areas using high resolution (HR) satellite images, such as SPOT-1-5, and medium resolution (MR) satellite images, such as Landsat and Sentinel-2, whose data has been obtained widely and accumulated for several years [22] [23] [24] . As the purpose of these studies is to identify the extent of urban areas and to monitor their change via identification of building structures, roads, etc., such methods are inadequate to identify individual buildings through analysis of HR and MR satellite images.
As the purpose of this study was to create a time series GIS map dataset of buildings from the early phase following the 2016 Kumamoto earthquake until the completion of disaster waste disposal, we needed to obtain satellite images observed within a few months of the earthquake. With this aim, we searched WorldView-3 images with 30-cm resolution and found two scenes using search criteria of: Approximate area of 65 km 2 ; boundaries of 10 km to the east and west of Mashiki town; less than 20 percent cloud; less than 20 degree incidence angle; and, within one year from 16 April 2016 to 15 April 2017. Similarly, one scene from 50-cm-resolution Pleiades satellite images was found for the same period and conditions, and we found seven scenes from SPOT-6 and 7 with 1.5-m resolution. If we aim to establish a time series of building changes one year after the Kumamoto earthquake using currently operating satellites, we should consider a proposed method to identify demolished and remaining buildings using HR rather than VHR satellite images. Therefore, we aimed to select appropriate GIS map data and HR satellite images, establish a method to identify demolished and remaining buildings, and create a time series GIS map dataset until the completion of disaster waste disposal following the 2016 Kumamoto earthquake.
Our two major objectives can be summarized as follows: (1) Create a time series GIS map dataset with labels of demolished and remaining buildings until disaster waste disposal was completed in Mashiki town, and (2) propose a method to identify demolished and remaining buildings, integrating GIS map data and time series HR satellite images, and verify the effect of this method.
Materials and Methods
We aimed to use GIS map data, including buildings existing in Mashiki town at the time of the earthquake, and HR satellite images, to label buildings as demolished or remaining during the twoyear period following the earthquake. For this purpose, we selected the appropriate GIS map data describing the building footprint of Mashiki town at the time of the event and satellite data observed several times within the two-year period. Next, we created supporting information to help identify the demolished and remaining buildings using the selected satellite images and GIS map data including the building footprint. For creation and evaluation of the supporting information via image analysis, a training and test dataset was needed, for which demolished and remaining buildings should be confirmed through field surveys and image interpretation. The output was the time series GIS map dataset with labels of demolished and remaining buildings by visual interpretation with reference to the supporting information.
Preparation of Satellite Images and GIS Map Data
We selected HR satellite images that covered the whole Mashiki town with less than 10% cloud condition between March 2016 and March 2018. Since SPOT satellite images have been more frequently acquired than other VHR/HR satellite images, we tried to use SPOT images for image analysis and visual interpretation. To provide a base for comparison, we selected one scene of Mashiki town observed on 20 March 2016, one month before the earthquake occurrence. We then selected three post-disaster images: One from 29 July 2016, two months after the disaster waste disposal plan was announced; one from 1 January 2017, half a year after the first scene; and one from 25 March 2018, when disaster waste disposal for the whole of Mashiki town was almost completed. As an area of approximately 0.3 km 2 in the image on 29 July 2016 was covered with cloud, we selected an image from 11 August 2016 (i.e., close to 29 July) in order to interpolate or complement the area covered with cloud. Although we could not find multiple Pleiades or WorldView images within one year of the earthquake, we confirmed the situation of demolished building via visual interpretation and chose two images intermediately after disaster waste disposal was finished. The selected observation date, satellite name, resolution, incidence angle, and usage are shown in Table 1 . Second, we selected GIS map data, including the footprints of individual buildings in Mashiki town, near the time of the earthquake to understand the situation of existing buildings before the earthquake, and to label demolished and remaining buildings by analysis and visual interpretation of satellite images. The OSM data contained suitable building footprint information, because OSM was used in previous research for the improvement of building detection [18] . We found the OSM data that were representing the existing buildings in Mashiki town before the earthquake. They contained footprints that described the area and outline of the individual buildings. Thus, we decided to use the OSM data as a base map. Pleiades-1B 0.5 m 13.5 6.5 Interpretation 1 Incidence angle is the angle from the satellite to the center point of the image frame. 2 Incidence angle along the track is the angle between north and south (e.g., plus angle means looking from south, as the satellite direction is descending). 3 Incidence angle across the track is the angle between east to west (e.g., plus angle means looking from the west).
Strategic Approach in this Study
We needed to consider a methodology to efficiently create the time series GIS map dataset with labels for demolished and remaining buildings using OSM data and several scenes of satellite images, as shown in Table 1 . Visual interpretation of every building of the OSM data through all images is one such method. However, there are approximately 15,300 buildings in Mashiki town, so it would take considerable time for visual interpretation, comparing the before and after SPOT and Pleiades images shown in Table 1 , and labeling every building. In order to shorten the time for interpretation and labeling, we analyzed integrated GIS map data and images, and created supporting information that makes it easy to identify demolished buildings. As previously mentioned, a method based on CNN requires the preparation of many training datasets and it takes considerable time to create learning data. As we preferred to focus on the image analysis, we designed the following strategic approaches:
•
We minimized time to create training data.
We created supporting information via image analysis, and confirmed demolished and remaining buildings through visual interpretation referring to this information.
We distributed the supporting information on individual buildings.
The supporting information likely enhanced the understanding of differences in images of demolished and remaining building.
The process of the numbered boxes from (1) to (8) in Figure 2 is described in the following Sections 2.2.1 to 2.2.8. 
Download OSM Data and Refining by Attribute
We downloaded and extracted OSM data within the Mashiki town boundary. We found the OSM data had 17,190 polygons whose attributes were not only buildings but also other categories: Green houses, farms, and so on. We narrowed down the OSM data to the attributes related to buildings: Apartments, buildings, houses, and residential. As a result of narrowing down by attribute, the OSM data of Mashiki town was reduced to 15,794 polygons. The OSM data before and after refining are shown in Figure 3 .
We considered whether the refined OSM data contained all building polygons in Mashiki Town. According to the 2013 Housing and Land Statistics Survey [25] , the total number of residential houses in Mashiki town was 10,700. However, there are buildings other than houses in Mashiki town and, according to the records of the Mashiki municipality [7] , the total number of buildings in Mashiki town was 15,304 at the time of the earthquake. The number of polygons in the OSM data refined by the attributes related to building was larger than the number of the municipality record. Moreover, we also checked if buildings were not recorded in the OSM data by referring the OSM buildingrelated data to the satellite images of Mashiki town, finding 312 buildings that were not recorded in the OSM data (as shown in Figure 4 ). The total number of buildings was 16,106, as we merged the buildings of the OSM data and the buildings found out of the OSM data. In this research, we decided to use the merged data of buildings, which is defined as Mashiki building map data. The Euler diagram of Figure 5 shows the relationship between all buildings (Mashiki building map data), the OSM data of buildings, demolished buildings, and buildings in the registry book of the Mashiki administration. 
Geometric Correction and Orthorectification
We overlaid the OSM data on the satellite images listed in Table 1 and found a geolocation gap caused by topography and satellite position. We orthorectified the satellite images using the software ENVI, rational polynomial coefficients (RPC) files attached to the satellite images, and the 10-m digital terrain model (DTM) of the Geospatial Information Authority of Japan [26] for topographic data. We measured the coordinate at a corner of a building nearby a road by a GPS receiver. We compared the position of the building corner in the satellite images with the position that is measured by GPS as latitude 32.78669444, longitude 130.80778611. The geolocation gaps between the measured position (green X ) and the position of the building corner (red +) in the satellite images were within 3 m, i.e., two pixels of the SPOT image ( Figure 6 ). We also found the clearly ridged building, which is drawn in the blue outlined footprints of the OSM data and compared the footprint with the position of the building in the satellite images. The All buildings (Mashiki building map data)
Buildings in registry book
Demolished buildings
Buildings of OSM data geolocation gaps between the footprint and the building position in the satellite images were negligible.
Field Survey Around the Demolished Building
In order to efficiently identify demolished and remaining buildings, we investigated and compared the characteristics of the demolished and remaining buildings on the images, and created a dataset with satellite images and sample labels of demolished and remaining buildings via a field survey. We researched the demolished buildings on site, where we found and visually inspected many demolished buildings in the satellite image. We classified many demolished buildings as remaining buildings in the area. Figure 7 shows some examples of photos taken during the site survey. The locations where these photos were taken are plotted on the satellite image shown in Figure 8 . 
Labeling for Demolished/Remaining Buildings by Field Survey and Visual Interpretation
The SPOT images shown in Table 1 were observed on 20 March 2016, 29 July 2016, 1 January 2017, and 25 March 2018, and we selected samples of buildings that were labeled as demolished, including on the three observation dates after the earthquake, to determine the characteristics of the images around the buildings. Based on visual interpretation of the post-earthquake SPOT images and the field survey, we attached 55 demolished and 55 remaining labels to the Mashiki building map data of buildings for a training dataset as shown in Table 2 . It is well known that brightness and intensity balance among bands of images differ due to the season and that land surface features change due to vegetation. We measured the distribution of each image on the three acquisition dates, before and after demolition of buildings, before we looked at the image characteristics. In order to avoid the effect of vegetation change, we extracted the image characteristics within the footprint of the Mashiki building map dataset of the buildings. Figure 9 shows the histogram distribution and average values of the digital number (DN) in the footprints of SPOT images on each date.
Based on Figure 9a ,b, we found the average DN of the images observed on 29 July 2016 was higher than the average DN of the images on 20 March 2016 before the disaster. From Figure 9a ,c, the average DN of images on 1 January 2017 was lower than the average DN of the images on 20 March 2016, and the average DN definitely changed depending on the season. Although the observation month is the same, there is a difference between the average DN on 20 March 2016 and on 25 March 2018, as shown in Figure 9d . We were thus able to adjust the different average DN among the images. 
Establishment of the Model by the Indicator
We used the Mashiki building map dataset with labels of demolished and remaining buildings as shown in Table 2 to investigate the features of the satellite images around the buildings. We overlaid the Mashiki building map dataset labels on the SPOT satellite images observed on 20 March 2016, 29 July 2016, 1 January 2017, and 25 March 2018, as listed in Table 1 . Figure 10 shows the demolished buildings, remaining buildings, and others labeled in the Mashiki building map dataset. SPOT and Pleiades satellite images shown in Table 1 have multispectral band data and it is possible to create pan-sharpened images. However, we decided to use mainly panchromatic images due to their contrast, brightness, and sharpness, which make it easier to confirm the changes. We compared the area around the demolished and remaining buildings and found that the image pixels of the area around demolished buildings became brighter. To make the best use of this change in brightness, we considered that the brightness of the entire image changes depending on the observation date as described in Section 2.2.4. If we simply calculated the difference, some changes of demolished buildings might be lost. Thus, we needed to consider an image analysis method based on the brightness change of the area around the demolished building that accounted for the change due to the observation date. Accordingly, we used binary data, which was set to 1 if the image pixel was larger than the average DN shown in Figure 9 , and 0 if it was smaller than the average DN, as follows:
where N is number of pixels within a building polygon in the whole image.
We created a binary image from the satellite images of each observation date via Equations (2) and (3). Figure 11a-d shows the binary images for the same frames as shown in Figure 10a -d, respectively.
We found that binary data values of 0 in Figure 11a changed to 1 in the polygon of the demolished building in Figure 11b -d, and it seemed that a higher proportion of the binary data changed in the polygons of demolished buildings than of the remaining buildings. By setting binary data created from the image before the earthquake as binary before, and binary data created from images after the earthquake as binary after, we could determine a binary flag that indicated a change of binary data. Then we calculated the ratio of the binary flag to pixels within the building polygon as:
where M is the number of pixels within a polygon. We calculated the ratio for all buildings based on Equations (4) and (5) . The ratio indicated the possibility of a demolished building if the ratio was large and a remaining building if it was small. We applied the indicator to the images of 29 July 2016, 1 January 2017, and 25 March 2018, forming a relationship of the indicator to the Mashiki building map dataset, and created the indicator distribution map as shown in Figure 12 . 
Evaluation of the Indicator
The performance of the indicator is able to be evaluated by the receiver operating characteristics (ROC) curve [27] , which is an effective tool for the evaluation of classification. In order to draw the ROC curve, we described the estimation result by the indicator and the actual building situated in the confusion matrix as Table 3 . We defined the estimation result as positive if the building was estimated as demolished by the indicator as well as we defined the estimation result as negative if the building was estimated as remaining. It was defined as true if the estimation result by the indicator was equal to the actual situation, which was the label of the demolished or remaining building in the training dataset. Otherwise, it was false if the estimation result was not equal to the label. The ROC curve is a graph in which the false positive rate is plotted on the X-axis and the true positive rate on the Y-axis according to the following equations:
False Positive rate (FP rate) = FP/(FP + TN).
True Positive rate (TP rate) = TP/(TP + FN).
We set a value of the indicator in 0.1 steps from 0.0 to 1.0, and the FP and TP rates were calculated according to Equations (6) and (7) to obtain the graph in Figure 13 . We checked the correctness of the demolished and remaining buildings estimation by the indicator to the demolished and remaining labels in the training dataset shown in Table 2 of Section 2.2.4. It is known that the area under ROC curve (AUC) is used as a measure of performance for classification [28] . AUC is a portion of unit squares under the ROC curve. The maximum value of AUC is theoretically 1.0, and an analytical model is considered good if it has a value more than 0.9. We calculated the AUC values by summation of the Y-axis value of the ROC in 0.1 X-axis step in Figure 13 . Since the AUC values were 0.98 or more for the results on the three dates, estimation by the indicator could be a good analytical model. 
Visual Interpretation and Labeling Demolished Buildings Using the Indicator
We tried to identify the demolished and remaining buildings using the SPOT and Pleiades satellite images. Since we obtained Pleiades and SPOT images observed on the same date, 1 January 2017, we confirmed the visual differences between the Pleiades and SPOT images on the demolished buildings. On the other hand, since we had only SPOT images for 29 July 2016 and 25 March 2018, we mainly confirmed SPOT images for these dates by referring the condition of the building in Pleiades images from the closest observation dates, which were 1 January 2017 and 13 October 2018, respectively. We found the following features through the visual interpretation of the three satellite images and attached the label of demolished and remaining to all buildings in the Mashiki building map data:
•
On the remaining buildings, the south wall and ridge of the roof appear bright.
On the remaining buildings, shadows appear to the north of the building.
On the remaining buildings, the gap of brightness and edges appears around the ridge of the roof and the boundaries of the building's footprint.
As for the demolished buildings, the brightness of the image is homogenous with the ground surface.
Notably, Mashiki town has many houses with Japanese tiled roofs and images tend to change from dark to bright if these building are demolished.
We overlaid the indicator distribution map on the SPOT and Pleiades satellite images and identified demolished buildings by visual interpretation as shown in Figure 14 . We classified the demolished and the remaining among the whole buildings in Mashiki town for three observation dates and added the classes to all labels in the Mashiki building map data. Thus the time series GIS dataset was completely created. 
Results
In accordance with the work flow in Section 2, we checked the time series distribution map based on the Mashiki building map dataset for demolished and remaining buildings. The distribution map, which is based on the time series Mashiki building map dataset with labels of the demolished buildings, is shown in Figure 15 . We counted the number of demolished buildings using the proposed method on each observation date. As the Mashiki town administration accepted requests for demolition and recorded the number of demolition requests enforced monthly, we could compare the number of demolished building by our proposed method with the number of monthly buildings demolished as reported by Mashiki municipality. We compared the number from our method with the number reported by the Mashiki administration on the nearest date to the SPOT image dates in Table 4 . There were two-to five-day gaps between satellite image dates and the dates of the Mashiki administration's report. We considered that the disaster waste disposal activities on site were finished by the end of March 2018 and the one-or two-day differences were negligible. The number of demolished buildings derived from visual interpretation of the SPOT image observed on 1 January 2017 was larger than the number in the report of the Mashiki municipality at the end of December 2016. We considered that we might classify many buildings in which some parts had been demolished as those buildings seemed to be demolished in the satellite image. In addition, the time required for demolition was reported as 2 to 3 weeks, since the number of demolished buildings in the month of January 2017 was about 800 buildings, which was the largest in the two year period. As the number of gaps between our method and the report of the Mashiki administration was less than the number of demolished buildings in January, we regarded the gap to be due to the count of the buildings in the process of demolition. The number of dismantled buildings in March 2018 from our proposed method, of 5701, was less than the number of demolished buildings according to the Mashiki municipality's report as of the end of March 2018. As the difference of the number of demolished buildings between the proposed method and the report of Mashiki administration was quite small and we did not misidentify demolished buildings with a large area through visual interpretation, we obtained the Mashiki building map dataset with labels of demolished buildings to make a relationship for an expression to estimate the amount of disaster waste. 
Discussion
We aimed to understand whether our proposed method could efficiently identify demolished buildings and create a time series GIS map dataset of demolished buildings, and the factors of image characteristics that possibly affected the estimation by the indicator.
Accuracy Assessment of the Proposed Model
We assessed the accuracy as follows: 
The F-measure is valuable, as TP, TN, FP, and FN were changed regarding the threshold in the indicator. First, we found the value of the F-measure and the optimized threshold, since we calculated TP, TN, FP, and FN by applying 110 training data in Table 2 and derived the F-measure by thresholding the indicator in steps of 0.1. Table 5 shows the best values of the F-measure at the threshold of 0.3, which were 0.965, 0.962, and 0.920 for the results from SPOT images on 29 July 2016, 1 January 2017, and 25 March 2018 respectively. We counted the number of positive estimations for the demolished buildings using the optimized threshold of 0.3 for the indicator, and negative estimations for the remaining buildings using the threshold of 0.3 or less. We described the values of the confusion matrix through the entire buildings of the OSM data with labels of demolished and remaining buildings in Mashiki town. The confusion matrix is shown in Tables 6, 7, and 8 for 29 July 2016, 1 January 2017, and 25 March 2018 images, respectively. We calculated the precision, recall, specificity, accuracy, and F-measure, which were described by the Equations (8) to (12) , in Table 9 .
Since the numbers of each label for the demolished and remaining buildings were imbalanced in the entire GIS map dataset of Mashiki town, the F-measure was worse, as shown in Table 9 . The values of 0.220, 0.594, and 0.579 in Table 9 were not good numbers compared with the values in Table  5 . The precision in the result on 29 July 2016 was an especially poor numerical value of 0.125, which means many remaining buildings according to visual interpretation were incorrectly classified as demolished buildings by the indicator. The recall values from 1 January 2017 and 25 March 2018 images was also not good, as the demolished buildings from visual interpretation were estimated as remaining buildings by the indicator. The specificity higher than 0.9 on each image indicated that most of the remaining buildings were correctly estimated by the indicator. We found that the indicator of our proposed method could estimate the remaining buildings with less incorrect estimations, but correctly estimate a smaller proportion of the demolished buildings. We applied the test dataset with balanced labels of 100 demolished and 100 remaining buildings, which were selected from the Mashiki building map data except for the 110 training data, F-measures became better as shown in Table 10 . That is, our proposed method performed better in the classification with balanced data, but the performance became worse for the imbalanced classification.
As for the efficiency of the estimation model, the number of polygons corrected as a result of estimating using an indicator threshold of 0.3 for the image on 25 March 2018 via visual interpretation was 3901 out of 16,106 in total (Table 8 ). In other words, one-quarter of all labels were changed from incorrect estimation to the correct result. Although it is necessary to prepare building polygons, locate satellite images and training data, and calculate the indicator, our method could contribute to creating a GIS map dataset with labels of demolished and remaining buildings without requiring any information for thousands of buildings. 
Estimation Demolished Remaining
Interpretation
Demolished 1476  1361  2837  Remaining  653  12,429  13,082  2129 13,790 15,919 1 1 Does not include 187 buildings that were not classified due to shade and unclear images. 
Characteristics of the Image on Correct and Incorrect Estimation
We aimed to understand the factors determining correct and wrong estimation by the indicator, referring to examples of TP, TN, FP, and FN. Firstly, we showed the example of buildings that were correctly estimated as demolished buildings, i.e., TP by the indicator higher than 0.3 in Figure 16 . We showed the example of buildings that were correctly estimated as remaining buildings by the indicator of 0.3 or less, i.e., TN in Figure 17 .
On the other hand, we spotted two typical wrong estimation cases and factors. One was a typical case of wrong estimation by the indicator of 0.3 or more, i.e., FP was shown in Figure 18 . We could see abnormally bright pixels and some buildings were incorrectly estimated as demolished buildings, i.e., FP. Examining the houses with bright reflections in Google Earth [29] , solar cell panels and solar heating water tanks were found on the house's roofs as shown in Figure 19 . We considered those panels caused abnormally high reflections at a specific angle condition. In a similar case, the pixels around the south walls of buildings were bright and caused an incorrect estimation of demolished buildings to remaining buildings as shown in Figure 20 . The image on 25 March 2018 was taken from the south-east, because the along track incidence angle and across track incidence angle of the SPOT satellite in Table 1 were 20.5 and −11.4 degrees, respectively. As the wall and roof were in a particular position relative to the satellite position and sunlight, we considered it caused a high reflection. The incorrect detection due to solar panel reflection and the specific position to sunlight is possible to be improved by applying other parameters such as standard deviation, and Gray-Level Co-Occurrence Matrix (GLCM).
In satellite remote sensing, when the satellite image observed with a large incident angle is orthorectified using DTM without the building height model, the geometric position of the roof and wall of the buildings is not able to be corrected. We know that the image appearance of a building is changed if the incidence angle is large in a different direction. Since the SPOT image on 25 March 2018 was from the south-east and the SPOT image on 20 March 2016 was from the north-east with an along track incidence angle of −15 degrees and an across track incidence angle of −10 degrees, we checked the effect of the different incident angle. We assumed that the roof position of a tall building would be shifted by a different view angle. We found that the roof position was slightly shifted from the original position of the building as shown in Figure 21 . Although we thought that tall buildings whose roof positions were shifted from the original positions due to the viewing angle could be incorrectly estimated, those buildings were correctly estimated as remaining buildings by the indicator of 0.3 or less, i.e., TN. We also found the same result in other tall buildings. We considered the reason was that tall buildings have a strong structure, such as reinforced concrete, and a large area, and those buildings thus remained. We concluded that the effect of the different viewing angle was negligible to buildings with a large area. 
Relation of Missed Detection to Small Building Area
In the second typical case, buildings with small areas were likely not detected as demolished buildings. In order to understand the overview of this incorrect estimation, we checked the relationship between the footprint area of OSM data and the estimation result by the indicator. According to the 2013 Housing and Land Survey [25] , since the average floor area per building in Mashiki town is 118.64 m 2 , we divided the confusion matrix for the areas larger and smaller than 60 m 2 , which is almost half of the average floor area. We described the confusion matrix if the threshold of the indicator was 0.3 in the 25 March 2018 SPOT image and the building footprint area was less than 60 m 2 in Table 11 . We described the confusion matrix if the threshold of the indicator was 0.3 in the 25 March 2018 SPOT image and the building footprint area was larger than 60 m 2 in Table 12 . The numerical values of precision, recall, specificity, accuracy, and F-measure in Table 13 were calculated from the values in Tables 11 and 12. Table 13 showed that the recall, accuracy, and F-measure were relatively good results if the area was larger than 60 m 2 . In particular, if the area was less than 60 m 2 , recall had a low value of 0.372. This meant that it is possible to detect demolished buildings by the indicator, but also that the proportion is small in the cases of small building areas. Some examples of incorrect estimation of remaining buildings for demolished buildings due to the small area, i.e., FN, are shown in Figure 22 . We are able to summarize the features of the indicator estimation for the demolished buildings and the remaining buildings as follows: It is possible to estimate the remaining buildings with a smaller proportion of incorrectly buildings estimated as demolished; and it is possible to correctly detect the demolished buildings but with a lower proportion.
We were able to summarize the factors that caused an incorrect estimation. We found that the bright image pixels that appeared abnormal, or around walls and roofs facing south, caused the indicator to be larger, and estimated buildings as incorrectly demolished. We also confirmed that it was impossible to detect the change in brightness for some parts of demolished buildings with small areas, causing them to be incorrectly estimated as remaining. 
Conclusions and Future Study
As many damaged buildings are demolished after a large-scale disaster, disaster waste is generated. Two large earthquakes occurred near Mashiki town in Kumamoto, Japan, on 14 and 16 April 2016. The 2016 Kumamoto earthquake caused a significant amount of damage to buildings and disaster waste disposal. Although the weight of disaster waste was estimated two months after the 2016 Kumamoto earthquake, the estimated weight was significantly different from the result at the completion of disaster waste disposal in March 2018. In order to estimate the amount of disaster waste generated and improve the existing estimation equation, a GIS map dataset with labels of the demolished and remaining buildings is needed. In this study, we aimed to create a time series GIS map dataset of all buildings in Mashiki town during a two-year period, with labels indicating demolished or remaining. We created the Mashiki building map data, which was merged with the buildings of OSM data and the buildings not recorded on the OSM. We proposed to use OSM data and time series SPOT images to create the time series GIS map dataset with the labels. We created binary data by thresholding the average of the brightness within a building footprint on SPOT images before and after the earthquake, and calculated the indicator for the possibility of a demolished building. We evaluated the indicator by the ROC curve using a training dataset that included 55 demolished and 55 remaining buildings, which were labeled through a site survey and visual interpretation. The indicator had a good result, as AUC was larger than 0.9. We labeled all the buildings of the OSM data as demolished or remaining via visual interpretation and reference to the SPOT and Pleiades images and the indicator. As a result of labeling all of the 16,106 buildings of the OSM data, we obtained the time series map dataset with labels of 5701 demolished buildings from a SPOT image of 25 March 2018. The number was almost the same as the number of demolished buildings in the report of the Mashiki administration.
We assessed the accuracy of the estimation model by the indicator and optimized threshold. We checked that the F-measure was better than 0.9 in thresholding the indicator at 0.3 if we applied the training dataset with balanced labels of the demolished and remaining buildings. We performed the accuracy assessment if the indicator classified the demolished and remaining buildings by the threshold of 0.3 and those estimated classes were compared with all building labels by visual interpretation. If we applied test data including balanced labels of other 100 demolished and 100 remaining buildings, which selected from classified Mashiki building data, the F-measure was 0.790 calculated from the SPOT image of 25 March 2018. Our proposed method performed better for the balanced classification, however, that is insufficient for imbalanced classification, as the F-measure was 0.579 for the Mashiki building map dataset with the imbalanced labels of 5701 demolished buildings. We found that the indicator of our proposed method could correctly estimate the remaining buildings at a high proportion, but could only estimate half of the demolished buildings, while others were missed. The proportion of the labels that were changed from incorrect estimation to the correct result was one-quarter of all the buildings. We concluded that our estimation model by the indicator was able to efficiently contribute to creation of a time series GIS map dataset with labels, rather than via visual interpretation of more than 15,000 buildings without the required information.
We checked the characteristics of images and the features of the building area that were related to the incorrect estimation. We found that bright image pixels appeared on reflective objects and south-facing walls, causing incorrect estimation as demolished buildings, i.e., FP. If the area of the demolished building was small, it could not relatively be classified as a remaining building, i.e., FN. The incorrect estimation due to the reflective objects is possible to be improved by another image analysis.
Our research enabled the creation of a time series GIS map dataset with labels of the demolished and remaining buildings in Mashiki town. In order to improve the estimation equation for the amount of disaster waste generated, we need to clarify the relationship between the damage level of buildings and the number of demolished buildings, the total floor area of the demolished buildings, and the typologies of building structures. In a future study, we will investigate associating these with the time series GIS map dataset derived from this research. From the point of the financial perspective, the study can contribute to the improvement of estimation for not only the weight of disaster waste but also the budget for implementation. Since the disbursement related to the disaster waste disposal was almost twice as the whole budget of Mashiki municipality in one fiscal year. If it is possible to estimate the appropriate cost in the early phase of the disaster waste disposal, it can be a tool for requesting financial assistance.
